Purpose Catalytic selectivity of human UGT1A9, an important membrane-bound enzyme catalyzing glucuronidation of xenobiotics, was determined experimentally using 145 phenolics and analyzed by 3D-QSAR methods. Methods Catalytic efficiency of UGT1A9 was determined by kinetic profiling. Quantitative structure activity relationships were analyzed using CoMFA and CoMSIA techniques. Molecular alignment of substrate structures was made by superimposing the glucuronidation site and its adjacent aromatic ring to achieve maximal steric overlap. For a substrate with multiple active glucuronidation sites, each site was considered a separate substrate. Results 3D-QSAR analyses produced statistically reliable models with good predictive power (CoMFA: q 2 00.548, r 2 00.949, r pred 2 00.775; CoMSIA: q 2 00.579, r 2 00.876, r pred 2 00.700). Contour coefficient maps were applied to elucidate structural features among substrates that are responsible for selectivity differences. Contour coefficient maps were overlaid in the catalytic pocket of a homology model of UGT1A9, enabling identification of the UGT1A9 catalytic pocket with a high degree of confidence. Conclusion CoMFA/CoMSIA models can predict substrate selectivity and in vitro clearance of UGT1A9. Our findings also provide a possible molecular basis for understanding UGT1A9 functions and substrate selectivity.
INTRODUCTION
The high rate of attrition in drug development has become a conundrum in pharmaceutical industry. One root cause for attrition is the unfavorable absorption, distribution, metabolism, and elimination (ADME) characteristics (1) . Accordingly, there are considerable interests in developing either computational (in silico) or in vitro ADME methods to aid the lead compound selection (2, 3) . A main advantage of a computational model is that it allows the ADME properties predicted for a new structure without experimental determination. This merit is rather tempting when thousands of (even more) drug candidates need to be screened. In fact, the use of ADME modeling/prediction has become an effective approach for industry to reduce late-stage attrition in drug discovery (2) .
Predicting the metabolic fate of a drug candidate is an indispensible component of ADME evaluation. Extensive metabolism may result in poor bioavailability and/or drug inefficacy, whereas poor metabolism can be associated with drug toxicity. Significant advances have been made to predict cytochrome p450 (CYPs)-mediated metabolism using molecular modeling techniques such as two dimensional/ three dimensional (2D/3D) quantitative structure-activity relationships (QSAR), pharmacophore, and homology modeling (4, 5) . And a number of software packages to predict CYP metabolism have been commercialized (e.g., MetaSite, Simcyp) (6, 7) . However, relatively fewer efforts are directed to develop such models and to characterize structural features of substrates for other important drug metabolizing enzymes such as UDP-glucuronosyltransferases (UGTs) (8) .
UGTs catalyze the glucuronidation reaction which has been recognized as a prevailing metabolic and detoxification pathway for many drugs, sometimes targeting the products (hydroxylated phenols) of CYP-mediated metabolism (3) . Human UGTs constitute a large family of enzymes, and are systematically classified into four subfamilies, UGT1, UGT2, UGT3, and UGT8 (9) . One unique feature about human UGTs is that these enzymes show remarkably broad substrate specificity. A UGT substrate usually contains one nucleophilic group (i.e., hydroxyl (-OH) group, carboxylic acid (-COOH), and amines) to which the glucuronic acid derived from the cofactor UDP-glucuronic acid (UDPGA) is transferred. Although it is rare, the acidic carbons and thiol group can also be glucuronidated (10) . Another important feature of human UGTs is that they exhibit vast overlapping substrate specificity; this has challenged the identification of specific probe substrates (and possibly inhibitors) for a particular UGT enzyme (11) . Lacking of an in vivo selective UGT probe is a significant barrier to in vivo glucuronidation studies with respect to evaluation of the role of a UGT enzyme (12) A complete three dimensional structure of human UGTs is not yet available. Only a partial crystal structure of UGT2B7 (C-terminal domain) was resolved in 2007 (13) . This structure, combined with molecular modeling studies, provides substantial insights into the UDPGA binding and possible catalytic mechanism (13, 14) . Due to the lack of structural information of the N-terminus (for substrate binding), relatively little is known about the specific molecular interactions that govern UGT selectivity for its substrates. Nonetheless, Miners and colleagues demonstrate that substrate hydrophobicity and the spatial arrangement of two hydrophobic regions (close to the glucuronidation site) are important for substrate recognition by several human UGT isoforms based on (2D/3D) regression models and a pharmacophore model (8, 15, 16) .
UGT1A9 is a major UGT1A isoform in human liver (17) . Its role in clearance of both chemotherapeutic and non-chemotherapeutic drugs (e.g., SN-38, tamoxifen and acetaminophen) and in detoxification of carcenogens (e.g., NNAL and benzo[a]pyrene) has been widely recognized (18) (19) (20) . Moreover, UGT1A9 polymorphisms (e.g., M33T, C183G and V167A) are being identified; those genetic variants have impaired glucuronidation activity that might have clinical implications (19, 21) . Given its importance in clearance of many xenobiotics/drugs, UGT1A9 has received considerable studies in recent years (22) (23) (24) (25) (26) . The aim of this work is to enhance our understanding of molecular interactions of UGT1A9 with its substrates, and to develop a more generalized model that can be used to predict UGT1A9-mediated glucuronidation of novel drug candidates. To this end, ligand-based three-dimensional quantitative structure-activity relationship (3D-QSAR) methods (i.e., Comparative Molecular Field Analysis (CoMFA) and Comparative Molecular Similarity Indices Analysis (CoMSIA)) were applied to yield statistically reliable models with good predictive power. The correlation results obtained by CoMFA/CoMSIA were graphically interpreted in terms of field contribution maps. The catalytic pocket (or binding pocket) geometry and its physiochemical properties indicated from the CoMFA/ CoMSIA analyses were compared with that from a homology model of UGT1A9.
MATERIALS AND METHODS

Materials
Expressed human UGT1A9 isoform (Supersomes TM ) was purchased from BD Biosciences (Woburn, MA). 4-Methylumbelliferone-glucuronide, baicalin (baicalein-7-Oglucuronide), uridine diphosphoglucuronic acid (UDPGA), alamethicin, D-saccharic-1,4-lactone monohydrate, and magnesium chloride were purchased from Sigma-Aldrich (St Louis, MO). Ammonium acetate was purchased from J.T. Baker (Phillipsburg, NT). SN-38-glucuronide, and propofol-glucuronide were obtained from Toronto Research Chemicals (North York, Ontario, Canada). Wogonoside (wogonin-7-O-glucuronide) was purchased from Chengdu Mansite Pharmaceutical Co. Ltd. (Chengdu, China). All (145) UGT1A9 substrates (Table I) were obtained from commercial sources. The chemical structures of these UGT1A9 substrates are shown in Fig. S1 (Supplementary Material).
Enzyme Assays
Enzyme assays using expressed UGT1A9 were conducted following a standard protocol as described in our earlier publications (27, 28) . Briefly, the incubation procedures were as follows: [1] UGT1A9 (13-53 μg/ml as optimum for the reaction), magnesium chloride (0.88 mM), saccharolactone (4.4 mM), alamethicin (0.022 mg/ml), different concentrations of substrates in a 50 mM potassium phosphate buffer (pH 7.4), and UDPGA (3.5 mM, added last) were mixed; [2] the mixture (final volume, 200 μl) was incubated at 37°C for a predetermined period of time (15-120 min); and [3] the reaction was stopped by the addition of 50 μl of 94% acetonitrile/6% glacial acetic acid. Great effort was made to ensure that the rates of metabolite formation were linear with respect to time (15-120 min) and protein concentration (13-53 μg/ml), so we can obtain accurate and reliable initial metabolism rates. Apparent glucuronidation rates were calculated as the amount of glucuronide(s) formed per protein concentration per reaction time (or pmol/mg/min). All experiments were performed in triplicates.
UPLC Analysis
The Waters ACQUITY UPLC (Ultra performance liquid chromatography) system was used to analyze the UGT1A9 substrates and their glucuronides (27, 28) . Except for the elution gradient, all other UPLC conditions (such as the mobile phase and column) were kept the same. The gradient was adjusted carefully to ensure a good separation of a substrate from its glucuronide(s) and of a glucuronide isomer from the other one(s). Quantitation of propofol glucuronide, SN-38 glucuronide, 4-methylumbelliferone-glucuronide, baicalein-7-O-glucuronide, and wogonin-7-O-glucuronide was made with the authentic reference standards. For all other glucuronides without commercial availability, the conversion factor of glucuronide vs. aglycone was determined using our published method (29) . Quantitation of these glucuronides was based on the standard curve of the parent compound and further calibrated with the conversion factors.
Identification of Glucuronide and Glucuronidation site
Glucuronide formation by UGT1A9 was confirmed via the hydrolysis (by β-D-glucuronidase) experiment and the molecular weight detection by UPLC/MS/MS, a standard procedure in our lab (27, 28) . The site (-OH group) of glucuronidation is an important information that was incorporated into CoMFA/CoMSIA analyses (see later section). However, regular MS/MS is unable to probe the site of glucuronidation (or deduce the exact structure of a glucuronide); because the glucuronic acid moiety is readily detached from a glucuronide once collision energy is applied. For a substrate with a single -OH group, the site of glucuronidation has to be this -OH group and no addition effort is needed. By contrast, for a substrate containing multiple -OH groups, three methods were used to elucidate a glucuronidation site. That is (1) for flavones and flavonols, the site of glucuronidation was assigned by the "UV spectrum maxima (λ max ) shift method" (30) . This method is based on the characteristic UV shifts caused by glucuronic acid substitution on a particular -OH group; (2) the information regarding the site of glucuronidation was collated from the literature, the references are provide in Table S1 (Supplementary Material); (3) the preferred site of glucuronidation was assigned as 2′-OH for 7 phloretin, and 3-OH for 23 tyrphostin B42; these assignments are uncertain, even though they demonstrate a good consistency in later 3D-QSAR analyses.
Kinetics Analysis
Kinetic data points were model-fitted using a nonlinear least-squares regression method performed by GraphPad Prism V5 for Windows (GraphPad Software, San Diego, CA). The model used to fit a kinetic profile was carefully selected based on a diagnostic plot (i.e., Eadie-hofstee plot). Overall, Michaelis-Menten equation (Eq. 1), the substrate inhibition equation (Eq. 2), and a biphasic kinetic model (Eq. 3) were used. The intrinsic clearance CL int representing the catalytic efficiency was calculated as V max /K m for Eqs. 1 and 2 fitting and V max1 /K m1 for Eq. 3 fitting. Representative fitting of the equations to kinetic data was demonstrated in Fig. 1 . 
Molecular Alignment
All substrate structures were prepared using SYBYL 8.0 (Tripos, US). Carboxylate groups were considered to be deprotonated. Energy minimizations were performed using the Tripos force field with partial atomic charges (assigned by Gasteiger-Hückel method). One of the most important factors affecting the quality of a model is the alignment of the individual molecules. The frequently used alignment methods (i.e., substructure overlap, pharmacophore overlap, and docking) are not suitable for this study, because a common core of atoms or a common features pharmacophore cannot be defined for the 145 structurally diverse substrates (Table I ) and the protein structure is not available. To achieve our goals, we performed a flexible alignment of three most active substrates (66: 3-hydroxy-6-methylflavone, 140: entacapone; 52: chrysin) with a constraint that the glucuronidation site must be overlaid. The important common features of the most active substrates were found to be the glucuronidation site and its adjacent aromatic ring (Fig. 2 ). All other substrates were then aligned to superimpose these two features. Further, a maximal steric overlap was used to determine the best alignment when more than one alignment was possible. In the case of a substrate with multiple active glucuronidation sites, more than one structural pose was aligned corresponding to the glucuronidation at each site. This treatment rendered a final total 166 aligned structure conformations (Table I ). The structural diversity of the aligned ligands is shown in Fig. 3a. (The atomic coordinates of all molecules of the dataset are available from the authors upon request, bwu3@uh.edu).
CoMFA and CoMSIA Analyses
The whole data set was divided into two parts, the training set (n0141) and the test set (n025) ( Table I ). The training set and test set molecules was classified to ensure that both sets could cover the whole range of glucuronidation activity and structural diversity studied. Other than these two criteria, the compounds were randomly assigned. The training set was used for model building and the test set for an external validation of the model. All comparative molecular field evaluations were performed using SYBL 8.0 (Tripos, US). The CoMFA steric energy (Lennard-Jones) and electrostatic (Coulomb) energy were calculated with SYBYL standard parameters (TRIPOS standard field, 2 Å grid spacing, dielectric distance 1/r 2 , cutoff 30 kcal/mol) using a sp 3 carbon probe atom with a charge of +1. We also performed CoM-SIA analysis (an extension of the CoMFA methodology) because CoMSIA may produce better or complementary results (31). In CoMSIA, three different similarity fields (steric, electrostatic, and hydrophobic) were evaluated with SYBYL standard parameters (2 Å grid spacing, attenuation factor α00.3) using a probe atom with 1 Å radius, charge +1, and hydrophobicity +1. Hydrogen bond donor and acceptor fields were not considered because CoMSIA analyses with these two extra features did not result in significant improvement of model quality. Partial least squares (PLS) analyses were performed following the CoMFA standard implementation in SYBYL. To check statistical significance of the models, cross-validations were performed by means of the "leave-oneout" procedure using enhanced version of PLS, the SAMPLS method. The optimal number of components was determined by selecting the smallest S press (corresponds to the highest q 2 value).The same number of components was subsequently used to derive the final QSAR models with no validation (column filtering was set to 2.0 kcal/mol); these models were used for prediction of activity. The statistical results are summarized in Table II 
Homology Modeling and Molecular Docking
A homology model for human UGT1A9 was constructed using Modeler 9v6 with a standard protocol (33) . The best model with the lowest objective function values (DOPE) was selected for loop refinement and followed by energy minimization in GROMACS 3.3 program package (34) . Energy minimization was done by steepest gradient descent, with an initial step size of 0.01 nm and a maximum of 1000 step. The VvGT1 (PDB code: 2c1z) from red grape was used as the template for two reasons (35): First, both UGT1A9 and VvGT1 belong to the glycosyltransferase 1 family (GT1) according to the CAZY database (36). Although sharing a low sequence identity, GT1 members adopt a similar α/β/α folding (so called "GT-B" fold) and their 3D structures are predicted to be highly conserved (17) . Second, UGT1A9 and VvGT1 surprisingly share an overlapping substrate specificity (including regioselectivity), for example, they both preferentially metabolize flavonols at the 3-OH position (28, 34) . Due to a low sequence identity between the target and template proteins (~15%), sequence alignment (shown in Supplementary Material Fig. S2 ) was aided with secondary structure predictions, a strategy used earlier (37) . The cocrystalized cofactor (UDP-2-fluoro glucose) was copied to the homology model as a block residue. Molecular docking of kaempferol (88.a) for 3-O-glucuronidation to the UGT1A9 model with the program GOLD (CCDC, Cambridge, UK) was performed using a distant constraint, a procedure similar to our earlier publications (38, 39) . A distance constraint (2.5~4 Å) was set between 3-OH and His37 (the catalytic residue). GOLDscore was used to identify the lowest energy docking results. The UGT1A9 model (with kaempferol docked) coordinates are available in Supplementary Material.
RESULTS
Experimental Dataset
A large database of kinetic parameters was experimentally determined by kinetic profiling for UGT1A9-mediated glucuronidation of 145 phenolics (structures in Supplementary  Material Fig. S1 ), which are from 12 different classes (see Table I for compound names, their classification and kinetic parameters). The log(CL int ) values for glucuronidation of selected substrates range from −0.56 (141) to 5.04 (66), demonstrating a wide diversity in the catalytic activity (Fig. 3b) . To our knowledge, this is the largest dataset of kinetic data obtained using expressed UGT1A9 in current literature. Among all UGT substrates here, 17 compounds form more than one glucuronide; in particular, there are 4 compounds (i.e., 41, 84, 90, 91) from which three glucuronides at different positions (-OH groups) are generated. Differentiated kinetic properties for glucuronidation at each position suggests that distinct (productive) binding modes within the catalytic domain are possible (27, 28) . Based on this "expert" knowledge (i.e., the existence of multiple binding modes for a same substrate), multiple active poses (for each of the aforementioned 17 substrates) were incorporated to the molecular alignment for QSAR analyses (please also see "Discussion" section). 
Predictive Power of the Analyses
A training dataset of UGT1A9 substrates allows the derivation of two separate QSAR models with statistical significance (Table II) . The predictive power of the two models was validated by predicting the catalytic efficiency of 25 additional substrates not included in the training set (Fig. 4) . For almost all substrates, the predicted values fall close to the observed log(CL int ) values, deviating by no more than 1 logarithmic unit (Table I & Fig. 4 ). However, in CoMSIA prediction, the activities of 46 (7-hydroxy-3′-methoxyflavone) and 70 (3,7,3′-trihydroxyflavone) are significantly over-estimated more than 1 logarithmic unit, even though CoMSIA analysis reveals significantly better correlation in terms of a higher q 2 .
CoMFA Model
The usual way of understanding CoMFA is by graphing the associated fields. In Fig. 5a , the steric maps derived from CoMFA are displayed. Areas indicated by green contours (numbered 1 and 2) correspond to regions where steric occupancy with bulky groups will increase catalytic activity. The yellow contours (numbered 3 and 4) mean bulky groups should be avoided; otherwise reduced activity can be expected. 74 is more active than 81, which is possibly explained by the fact that the former orients its 4′-methoxy group into the favored region (contour 1) (Fig. 5) . Similarly, compared to the less active 8, the more active 49 fills the favorable region (contour 2) by the 2-benzene moiety (Fig. 5 ). 9 is less active than 10, this is most likely because it orients the 3,4-diphenyl group into the disfavored region (contour 3) (Fig. 5 ). Likewise, due to the occupancy of the disfavored region (contour 4) by a piperidinyl group, 55 has a lower activity than 52 (Fig. 5) . The maps of electrostatic properties are shown in Fig. 5b . The areas contoured in blue (numbered 5 and 6) correspond to regions where electropositive groups will enhance the a b <1 {=1,2} {=2,3} ≥ 4 {=3,4} catalytic activity, as will electronegative groups placed into areas indicated in red (number 7 and 8). Contour 5 is close to the glucuronidation site and in parallel with the bicyclic ring of 52 chrysin (shown in Fig. 5b ). The contribution of contour 5 to the activity-structure correlation is uncertain since we could not find a pair to demonstrate its significance. Although being isomers, 95 and 96 possess distinct catalytic activity. Due to a substitution difference of the acrylic acid group on the benzene skeleton, the less active 95 orients its carboxylate group into an area (contour 6) indicated to be unfavorable for negatively charged groups (Fig. 5) . 55 occupies the contour 7 (unfavorable for electropositive groups) by the 3-hydroxyl group of the piperidinyl moiety; this is consistent with the fact that 55 is less active compared to 52 (Fig. 5 ). 32 orients a carbonyl group with an electronegative oxygen into a site highlighted to be favorable for negatively charged residues, thus it possesses a higher activity than 123 (Fig. 5) .
CoMSIA Model
The CoMSIA method also provides field contribution contours that allow the correlation results to be mapped back onto the molecular structures. These contours are given in Fig. 6 together with some exemplary substrates. For consistency, coloring scheme of the contoured areas (to indicate a property contribution) for steric and electrostatic fields is the same as used in CoMFA maps. In Fig. 6a , the steric property is displayed. Interestingly, the contours (numbered 1, 2, and 3) are largely consistent with those derived from CoMFA. The more active 49 orients its 2-benzene ring into the favorable region (contour 1), whereas the less active 101 orients its 3-benzene ring into the unfavorable region (contour 3) (Fig. 6 ). For a similar reason, 133 partially occupies the unfavorable region (contour 2) by a isopropyl group and shows a lower activity compared to 115. As an additional example pair (molecules 14 and 38) is given, 14 avoids the unfavorable steric groups and are more active than 38, whose 2-benzene ring is positioned into contour 3 highlighted to be unfavorable for bulky groups. The maps of electrostatic properties (numbered 4 and 5) show fewer features in space (Fig. 6b) , compared to those from CoMFA. 105 is more active than 101, largely because it has a hydroxyl group (with an electropositive hydrogen) overlaid with the favorable region (contour 4). By contrast, 58 is more active than 49 for the reason that an ether group (with an electronegative oxygen) occupied in contour 5 indicated to be favorable for electronegative groups. The maps for hydrophobic properties are shown in Fig. 6c . Substrates orienting groups with increasing hydrophobicity into areas contoured in orange (numbered 6, 7, and 8) will enhance activity, as will groups with increasingly hydrophilicity placed in areas indicated in purple (numbered 9). 114 is more active than 119; this is probably because both ethyl and methyl groups substituted on the phenol backbone are adjacent to the hydrophobic favorable region (contour 6), but the former is more hydrophobic than the latter (Fig. 6 ). An increased hydrophobicity (from a hydroxyl group to a methoxy group) in contour 7 (hydrophobicity favorable) leads to an enhanced activity, as is seen from a comparison between 54 and 56.b (Fig. 6) . 55 possesses an activity significantly lower than 32, which is in complete agreement with the indication that the presence of a hydrophilic piperidinyl group in the unfavorable region (contour 8) would result in a diminished activity compared to its absence (Fig. 6) . Contour 9 highlights an area where occupancy of a hydrophilic (polar) group would enhance the activity, which exemplified by a comparison of 32 and 90.c. 90.c orients a 3′-hydroxyl group into the favorable region contour 9, thus is more active than 32.
Exploring UGT1A9 Catalytic Pocket Using a Homology Model and CoMFA/CoMSIA Maps
To explore the molecular mechanisms of UGT1A9-substrate interaction, a homology model of UGT1A9 was constructed. This structural model incorporates a simulated binding of 88.a kaempferol (in an active 3-O-glucuronidation mode) where 3-OH group of kaempferol is reasonably hydrogen-bonded with the catalytic residue His37. The protein residues forming the pocket wall were identified and presented in Fig. 7 (more detailed description of the binding pocket is provided in Supplementary Material  Fig. S3 ). The binding pocket is divided into four subpockets designated as S1, S2, S3 and S4 (Fig. 7b) , among which pocket S3 is relatively small in size due to the steric hindrance by residues from helix Nα3 and its preceding loop. Interestingly, pocket S4 appears to be open to solvent, and potentially contributes to accommodation of a long-chain substrate such as 15 curcumin. The three most active substrates (66: 3-hydroxy-6-methylflavone, 140: entacapone; 52: chrysin) were mapped into the pocket by an alignment with kaempferol. The B-ring of 66 is fitted to S1, and the common aromatic ring to S2. S4 accommodates the B-ring of 52 or the N,N-dimethylamide group of 140. The CoMFA/CoMSIA maps were superimposed on the binding site of this structural model based on the binding mode of kaempferol. The contour maps are largely consistent with the 3D shape of the UGT1A9 catalytic site (Fig. 8) . The green regions where bulky groups favor activity correspond to the regions of the active site where unfilled spaces exist. This indicates that a bulky group in these regions increases the van de Waals interaction between a substrate and UGT1A9, thus increasing the activity (Fig. 8a, b) . Also, the yellow regions (e.g., a and b in Fig. 8b ) where bulky groups disfavor activity correspond to the regions of the active site where steric hindrance is noted. Unexpectedly, electrostatic maps between CoMFA and CoMSIA are not consistent with each other; this might indicate an uncertainty in correlating the electrostatic property of substrates with their activity (Fig. 8a, c) . In contrast to the fact that CoMFA electrostatic maps appear in the regions where no polar residues can be identified, CoMSIA electrostatic maps show a good compatibility with the surrounding residues. An electronegative group in its favorable region (contour c or previously named contour 5 in Fig. 6 ) presumably interacts with UGT1A9 by forming a hydrogen bond or through electrostatic interactions. As only polar residues Asp34 (with an electronegative side chain) and His37 (with an electropositive side chain) appear in the neighborhood of contour c, His37 is proposed to contribute to the interaction of UGT1A9 with an electronegative group (of a substrate) positioned in this region (Fig. 8) . The residues that are around region d (Fig. 8c) favoring an electropositive group on a substrate are Glu178, Glu179 and Asp393 (all are electronegative). In addition, the hydrophobic regions (e and f) are lined with the hydrophobic residues Val31, Met33, Leu108, Phe224, Leu228, Met307, and Phe391 (Fig. 8d) .
DISCUSSION
In this study, we report two 3D-QSAR models for UGT1A9-mediated glucuronidation. These models are more generalized thus more useful in comparison to our earlier ones (27) , which are somewhat limited to predicting UGT1A9-mediated 3-O-glucuronidation of flavonols, a subset of phenolics. Our model is challenged by the fact that many substrates form more than one glucuronide at different sites (so called "glucuronide isomers"). Recent studies indicate that the glucuronide isomers are resulted from distinct binding modes of the same substrate in the catalytic domain of UGT protein (27, 28 catalytic residue (usually a histidine) for reaction, and to generate a corresponding glucuronide isomer. Accordingly, we treat such a UGT substrate as multiple "substrates" that adopt distinct spatial conformations; each of which corresponds to a binding mode to form a regiospecific glucuronide isomer. Our derived models with statistical significance and high predictive capability suggest that this treatment is reasonable and useful in terms of in silico modeling of UGT substrates. It is also highlighted that our model can be used to predict regiospecific glucuronidation mediated by UGT1A9, which was not accomplished before (27) .
Another challenge to our model is that it incorporates a large diversity of (n0145) substrate structures. As a result, difficulty is raised with respect to the molecular alignment of those structures. We proposed a unique alignment method that is to superimpose the glucuronidation site and its adjacent aromatic ring, the two important features identified by a flexible alignment of three most active substrates (Fig. 2) . Glucuronidation sites should be aligned to improve model quality as suggested from previous modeling experiences (8, 15) . The importance of positioning of a glucuronidation site into an area close to both cofactor and the catalytic histidine residue for glucuronidation is also demonstrated in a recent study (40) . Early studies identify a common features pharmacophore for several UGT isoforms, which unanimously includes two separate hydrophobic regions (adjacent to the glucuronidation site) (8, 15, 41) . However, we believe two hydrophobic regions spatially isolated might not be universal features for all UGT1A9 substrates. For example, such features cannot be found in 109 (a simple phenol) structure. Token together, the alignment rule here conforms to the catalytic mechanism and is applicable to a simple phenol. More importantly the rule is demonstrated to be satisfactory when measured by the quality of resulting models.
The use of log (CL int ), a measure of catalytic efficiency, as the parameter for correlation analyses is more reliable and meaningful, compared to other kinetic parameters such as K m and V max . As stated by Sharma and Duffel (42, 43) , in the case of enzymes that may exhibit nonproductive binding interactions with some substrates, a highly relevant kinetic parameter for a CoMFA correlation of the structure to its ability to serve as a substrate for such enzymes is the CL int value, or log (CL int ). This is because CL int is independent of nonproductive binding contributions. Although there is no direct evidence (e.g., crystal structure) of nonproductive binding of a substrate to a UGT protein, kinetic characterization has indicated that nonproductive binding of substrates to a UGT isoform can be a major reason why the enzymes frequently exhibit substrate inhibition kinetics (44) . Therefore, the use of CL int value for our CoMFA/CoMSIA analyses of UGT1A9 is justified. Moreover, in vitro intrinsic clearance (CL int ) is frequently used to predict in vivo clearance such as hepatic clearance with a reasonable success rate (45, 46) . Hence, this parameter is a more appropriate indicator as the susceptibility of a substrate to glucuronidation in vivo.
The recognition of glucuronidation as an important metabolic pathway has lent increasing efforts towards better understanding of the molecular mechanisms of UGT functions and of the substrate structural features associated with UGT selectivity. Inevitably, a molecularlevel structural elucidation of the protein is necessary for such pursuits. Here, a homology model of UGT1A9 was constructed aiming to enhance our understanding of interactions between UGT1A9 and substrates, in addition to the CoMFA/CoMSIA results. The structural information of our UGT1A9 model was imported from the template protein VvGT1 (a plant UGT). At present, the use of a plant UGT for homology modeling of human UGTs is preferred and justifiable, because (1) plant and human UGTs are classified into the same superfamily GT1; GT1 members adopt a GT-B fold and their tertiary structures are predicted to be highly conserved; (2) plant and human UGTs share a similar catalytic mechanism (i.e., serine hydrolase-like mechanism); (3) a determined partial crystal structure (for C-terminal or UDPGA binding domain portion only) of human UGT2B7 agrees well with its counterparts in plant UGT crystal structures (13, 14) . Such modeling effort appears to be useful here and has also been utilized to elucidate the amino acids that are responsible for the large activity differences between UGT1A9 and 1A10 (25) .
A good consistency between the CoMFA/CoMSIA maps and a homology model of UGT1A9 is highlighted in terms of the steric and hydrophobic interactions (Fig. 8) . The results provide a highly possible 3D structure of UGT1A9 binding pocket as well as substantial insights into the molecular mechanisms regarding the recognition of a substrate by UGT1A9. The models can be used to guide de novo design of compounds with desired UGT1A9 activity. For example, a more active compound should have its -OH group towards the catalytic residue, and the rest of its structure occupies those green regions (cavities in the binding site), and avoids those yellow regions where steric hindrance exists. We anticipate that this approach of CoMFA/CoMSIA coupled with a protein homology model may be applicable to other UGT isoforms. A more exhaustive elucidation of molecular interactions of other UGT isoforms and a more complete comparison of substrate selectivity across UGT isoforms might be necessary in order to ultimately predict overall glucuronidation and uncover the fine substrate selectivity difference. This is important as the knowledge can be used to accelerate drug development and to promote human health.
Although model construction is based on the active poses of UGT1A9 substrates, it is of interest to see if the model can be used to distinguish a non-substrate from a substrate. We experimentally identified three UGT1A9 non-substrates, namely, estradiol (a selective probe for UGT1A1), salicylic acid, and aminosalicylic acid (no metabolite can be detected when incubating these compounds with UGT1A9). The predicted log (CL int ) values from the CoMFA model are 1.41, 1.11, and 1.42, respectively, indicating these compounds are very poor substrates of UGT1A9. Therefore, the model is fairly accurate; though its capability to predict an absolute non-substrate is somewhat limited.
In conclusion, we have performed 3D-QSAR analyses using the powerful techniques Comparative Molecular Field Analysis (CoMFA) and Comparative Molecular Similarity Indices Analysis (CoMSIA) based on a large training dataset with a 10 6 -fold range of relative catalytic activity. The derived models show statistical significance and substantive predictability (CoMFA: q 2 00.548, r 2 00.949, r pred 2 00.775; CoMSIA: q 2 00.579, r 2 00.876, r pred 2 00.700). The realworld use of these models is fully expected to predict the catalytic activity of structural diverse chemicals (including drug candidates) towards UGT1A9. Moreover, the field contribution maps from CoMFA/CoMSIA were applied to elucidate the catalytic pocket of UGT1A9 with the aid of a homology model of UGT1A9. The results consistently depict a plausible catalytic pocket with a set of geometry configuration and a hydrophobic interacting environment, even though the electrostatic interactions are less defined.
Our findings for the first time provide a possible molecular basis for understanding UGT1A9 functions and its substrate selectivity.
